Detecting plant health conditions plays a key role in farm pest management and crop protection. In this study, measurement of hyperspectral leaf reflectance in rice crop (Oryzasativa L.) was conducted on groups of healthy and infected leaves by the fungus Bipolaris oryzae (Helminthosporium oryzae Breda. de Hann) through the wavelength range from 350 to 2 500 nm. The percentage of leaf surface lesions was estimated and defined as the disease severity. Statistical methods like multiple stepwise regression, principal component analysis and partial least-square regression were utilized to calculate and estimate the disease severity of rice brown spot at the leaf level. Our results revealed that multiple stepwise linear regressions could efficiently estimate disease severity with three wavebands in seven steps. The root mean square errors (RMSEs) for training (n=210) and testing (n=53) dataset were 6.5% and 5.8%, respectively. Principal component analysis showed that the first principal component could explain approximately 80% of the variance of the original hyperspectral reflectance. The regression model with the first two principal components predicted a disease severity with RMSEs of 16.3% and 13.9% for the training and testing dataset, respectively. Partial least-square regression with seven extracted factors could most effectively predict disease severity compared with other statistical methods with RMSEs of 4.1% and 2.0% for the training and testing dataset, respectively. Our research demonstrates that it is feasible to estimate the disease severity of rice brown spot using hyperspectral reflectance data at the leaf level.
INTRODUCTION
Detecting plant health conditions plays a key role in farm pest management and crop protection (Everitt et al., 1994) . Pathogens can cause severe damage to rice crops that often lead to reduced crop yield and quality. The use of large amounts of fungicide can effectively control most crop diseases and decrease the crop production loss. However, pesticide increases costs to growers while environmental problems may be incurred to soil, water, air and ecological systems (West et al., 2003) . A proper on-time characterization and assessment of disease distribution and intensity could provide useful information for decision making about the timing of fungicide application in precise pest management.
In tradition, disease is detected visually by experienced growers who have the ability to detect subtle changes in plant color or a slight droop (wilt) or Journal of Zhejiang University SCIENCE B ISSN 1673-1581 (Print); ISSN 1862-1783 (Online) www.zju.edu.cn/jzus; www.springerlink.com E-mail: jzus@zju.edu.cn curl of plant leaves. Scout and plant canopy were recorded to assess the percentage of infection surface area in field (Jackson, 1986) . However, this method is labor intensive and time consuming, and it is impossible to accurately estimate the infected areas and severity in large-scale farming (Kobayashi et al., 2001) . Therefore, it is necessary to develop new effective and inexpensive approaches that can improve and supplement traditional techniques.
The developing remote sensing techniques make it possible to detect the changes in plants caused by disease stress (Brenchley, 1968) . The crop disease assessment by remote sensing started about eighty years ago. In the late 1920's, aerial photography was used to survey infection by Phymatotrichum omnivorum (Shear) Duggar in Texas (Neblette, 1927) .
Since then, a new era of disease detection by remote sensing started. In the subsequent several decades, aerial photography and satellite images were widely used to detect and characterize plant pests (Colwell, 1956; Jackson and Wallen, 1975; Nilsson, 1995; Mirik et al., 2006; . However, most of these studies involved the use of airborne cameras and radiometers to record the reflected electromagnetic energy on analogue films that cover broad spectral bands (Huang and Apan, 2006) .
Hyperspectral remote sensing is a new technique that utilizes sensors operating in hundreds of contiguous narrow wavelength bands which may have potential to improve the assessment of crop disease (Carter, 1994; Adams et al., 1999; Singh et al., 2007) . Numerous studies demonstrate that hyperspectral reflectance and its detection accuracy of plant biochemicals were affected by the autocorrelation and multicollinearity of the data due to the continuous wavebands (Card et al., 1988; Yoder and Pettigrew-Crosby, 1995) . It is unavoidable in the study of plant disease. Many research studies report that simple or multiple regressions do not show strong functional relationships between hyperspectra and plant health condition. Therefore, more sophisticated statistical approaches such as principal component regression (PCR), artificial neural networks (ANN), fuzzy systems, and partial least-square (PLS) regression analysis have been employed (Warner and Shank, 1997; Kimes et al., 1998; Muhammed and Larsolle, 2003) . Nevertheless, the performance comparisons among regression (i.e. multiple stepwise regressions), PCR or PLS regression analyses were seldom conducted for the estimation of plant disease severity.
Rice brown spot is an aggressive plant disease caused by Bipolaris oryzae Shoem (Helminthosporium oryzae). It occurs in rice production areas all over the world and is one of the most common diseases in China. Rice brown spot causes severe damage under the conditions of cool summer and nitrogen deficiency, particularly in southern China. High humidity (>92.5%), leaf wetness and temperature (24 to 30 °C) are favorable conditions for disease development (Picco and Rodolfi, 2002) . Wind and rainfall can spread the spores to other organs of the same individual and other plants. Losses can be severe if weather and field conditions are favorable for disease spreading. Rice brown spot can be found during the whole growing season. At the early stage, symptoms of brown spot mainly appear on the leaves. Leaf lesions reduce nutrient absorption and photosynthetic area, which result in the decrease of tillering nodes. There are no reports related to the use of hyperspectral reflectance data for the detection and measurement of rice brown spot disease.
The specific objectives of this research were threefold. The first objective was to confirm the possibility of detecting and measuring the rice brown spot disease at the leaf level by hyperspectral remote sensing. The second objective was to investigate the performance of multiple stepwise regression and PCR analysis or PLS regression for monitoring plant disease. Finally, to determine a reliable and stable statistical technique to estimate the disease severity of rice brown spot by reducing the autocorrelation and multicollinearity of hyperspectral reflectance.
MATERIALS AND METHODS

Study site and experiment design
The experiment was conducted at the village of Sankengkou, Wuyi County, Zhejiang Province, China. The study site is located at 28°42.013′ N latitude and 119°43.932′ E longitude, and at an altitude of 970 m above the sea level. Average annual rainfall is 1 477 mm. The growing season is generally short and lasts for 228 d. The mean annual temperature is 16.9 °C and the mean temperatures in January and July are 4.7 and 28.8 °C, respectively.
Seeds of rice were sown on June 5, 2006. Planting density was 25 seedlings/m 2 . Basal application of fertilizer of N, P 2 O 5 and K 2 O was performed at 40, 30 and 30 kg/ha, respectively, with an additional application at 30, 20 and15 kg/ha respectively at the flowering stage. Rice brown spot disease occurred naturally in the field. Disease severity was determined by estimating the percentage of infected surface area of rice leaves in the laboratory.
Measurements of individual leaf reflectance
The fresh foliage from the field was placed in a special holder for measurements in the laboratory. Spectral measurements from individual leaves were made using the ASD Field Spectroradiometer Pro (Analytical Spectral Devices Inc., Colorado, USA). The wavelength of the measurement was configured for the range of 350 to 2 500 nm. The instrument has a spectral sampling resolution of 1.4 nm and a spectral interval of 3 nm between 350 to 1 000 nm, and a spectral sampling resolution of 2 nm and a spectral interval of 10 nm between 1 000 to 2 500 nm, respectively. Each leaf was positioned on a dark background. The field of the spectrometer view was 25° with 1 cm-diameter in the centre portion of the leaf. An incidence angle of 35° maintained at a standard distance (50 cm) was used throughout the study. The light source used was one 50 W halogen lamps. Upper leaf surface reflectance was observed. Each reading was the result of 10 replicate spectra that were averaged. All spectral measurements were made relative to a BaSO 4 standard reference-panel, which was observed immediately before and after the spectral measurements of rice leaves.
Data processing and statistical methods
Reflectance data were firstly smoothed with a five point moving average to suppress instrumental and environmental noise before the data were further analyzed (Kobayashi et al., 2001) . The total dataset consisted of 263 leaves which were divided into two subsets, one with 80% of the data was used as a training dataset for calibration (n=210) and the other with 20% used as testing dataset for validation (n=53). In this paper, the statistical methods were conducted with procedures in SAS 9.0 (Statistical Analysis System 9.0). These spectra represented the domains of 400~1 300, 1 501~1 780, and 2 051~2 350 nm, and the missing segments of 350~399, 1 301~1 500, 1 780~2 050, and 2 351~2 500 nm correspond to strong noise or water vapor absorption in the atmosphere and thus are not of interest for remote sensing of the Earth's surface (Price, 1994) .
In the agricultural sciences, the workhorse for statistical analysis has been multiple stepwise linear regression, although rationing of derivatives at various standard wavelengths has also been extensively used (Williams et al., 1983) . Stepwise regression is a procedure for automatically selecting, in a stepwise manner based on partial correlations of a dependent variable with the independent variables that are close to optimal in the sense of maximizing the squared multiple correlations coefficient (R 2 ) of the dependent variable with the set of selected independent variables (Card et al., 1988) . In the present context, the dependent variable is disease severity index of rice brown spot, and the independent variables are reflectance observed at a set of equally spaced wavelengths. The final regression equation was computed in Procedure STEPWISE in SAS 9.0. Several statistical papers have expressed concerns over the potentially large Type-I error by selecting independent variables that are merely noise, and inflating the R 2 of the stepwise procedure. The multiple stepwise linear regression does not have a strong theoretical basis and it cannot overcome the over-fitting and co-linearity of independent variables due to the high autocorrelation (Card et al., 1988) . In our work, stepwise regression works quite well as long as the number of sample spectra is sufficiently large (n>200). PCR is an effective data reduction technique that transforms the original dataset into a substantially smaller and easier to interpret set of uncorrelated variables. It has the capability of preserving the total variance while minimizing the mean square approximate errors, and is also used as a means to identify dominant modes of data that represent most of the information in the original dataset. Principal component analysis is quite useful for analysis of remote sensing data in which certain channels exhibit high degrees of dependence (Fung and LeDrew, 1987) . Uncorrelated and linearly transformed components were computed from the original data in such a way that the first principal component accounts for the maximum proportion of the variance of the original dataset. Subsequent components were also calculated for the maximum proportion of the remaining variance in Procedure PCR in SAS 9.0. The PCR method has been applied to various remote sensing projects of plant disease involving in both field and laboratory spectral analysis (Holden and LeDrew, 1998) . The original spectra were standardized by centering and scaling. An orthogonal transformation was applied to the correlation matrix in the study with component patterns that are visually interpretable. Although PCR selects factors that explain variation and predict plant biophysical or biochemical parameters by regression, it alleviates the high inter-band correlations of hyperspectral reflectance. However, the PCR method is not so convenient to selecting independent variables (spectral wavebands) without regard to the dependent variable (Wang, 1999) .
The main goal of PLS procedure is to minimize the sample prediction error, seeking linear functions of the predictors that explain as much variation in each response as possible. In addition, it has the additional goal of accounting for variation in the predictors, under the assumption that directions in the predictor space which are well sampled should provide better prediction for new observations when the predictors are highly correlated. All of the techniques implemented in the PLS procedure, which are derived from PCR, are to reduce rank regression and PLS regression. The procedure works by extracting successive linear combinations of the predictors called either components or latent vectors to explain predictor variation. PLS regression is mainly used for modeling linear regression between multi-dependent variables and multi-independent variables. PLS not only avoids the harmful effects in modeling due to the multicollinearity when the inter-wavebands have strong autocorrelations, but also avoids over-fitting when the number of observations is less than the number of variables.
There are many reports about the application of PLS in agricultural science (Hansen et al., 2002) , but few reports about its use for the detection and measurement of plant disease. One purpose of this study was to determine the efficiency of PLS procedure for detecting and estimating plant disease severity.
RESULTS
Multiple stepwise regression analysis for disease severity of rice brown spot
Multiple stepwise linear regressions were performed on the training dataset for disease severity of rice brown spot. The optimal number of variables or steps used by the stepwise regression procedure was seven, which yielded the best prediction for disease severity of rice brown spot. All wavelengths reflectance left in the model was significant at the 0.01 level. Wavelengths reflectance left in the final model was selected from the visible part of the spectra, which were located at 533, 567 and 693 nm.
The coefficients of determination (R 2 ) between observed and predicted disease severity for the training and testing datasets were approximately 0.92 and 0.94, respectively (Table 1 ). The root mean square errors (RMSEs) of the training and testing dataset were 6.5% and 5.8%, respectively. Scatte plots between the observed and predicted disease severity on the training and testing datasets illustrate these results in Figs.1a and 1b. 
PCR for disease severity of rice brown spot
The results of the PCR revealed that the first eigenvector (PC-1, i.e. the first principal component) explained 78.34% of the variance of the original spectra data and the second component (PC-2, i.e. the second principal component) explained 12.04%. Although the third component could explain 4.9% of the variance of the spectra, it was considered to be low compared with the first two principal components. Therefore, the first two eigenvectors can be regarded as the principal components and the rest can be dropped from further analysis.
In this study, the first two principal components were used as the independent variables to build the regression model for estimating the disease severity of rice brown spot. The scatter plots of predicted vs observed disease severity for the training and testing dataset were shown in Figs.2a and 2b , respectively. The coefficients of determination (R 2 ) computed between observed and predicted disease severity for training and testing datasets were approximately 0.51 and 0.63, respectively. Meanwhile, low RMSEs of 16.3% and 13.9% were obtained for the training and testing dataset, respectively.
PLS regression for disease severity of rice brown spot PLS regression was computed using the training dataset (n=210). Seven PLS factors were used to explain 98.56% of the model variance and 92.93% of the variation for prediction ( Table 2 ). The sevenfactor PLS model based on the training dataset was conducted for predicting disease severity of the testing dataset. The correlation coefficients between predicted and observed values for the calibration and validation sample were 0.986 and 0.985, respectively. The root mean square error of calibration (RMSEC) and validation (RMSEV) were 4.1% and 2.0%, respectively (Figs.3a and 3b) . Clearly, the disease severity of rice brown spot was more accurate according to the RMSE values compared with other two methods. 
DISCUSSION
In our study, three statistical methods consisting of multiple stepwise regression and principal component analysis or PLS regression analysis were investigated to ascertain their performances in the estimation of rice brown spot disease severity using remotely sensed leaf reflectance data.
Although the multiple stepwise linear regression technique has never had a strong theoretical basis (Card et al., 1988) , it explained a large variation in the disease severity of rice brown spot. The three wavelengths in the visible range (533, 567 and 693 nm) were successfully selected to build the prediction model. These variables were neither related to the known water absorption wavebands at 970, 1 200, 1 400, 1 450, and 1 940 nm nor with the leaf pigment absorption wavebands at 430, 460, 640 and 660 nm (Curran, 1989) . It was observed that wavelengths of 533 and 567 nm were located in the visible green region that is poorly absorbed by chlorophyll and other pigments, while 693 nm was located before the red-edge region where vegetation spectra are sensitive to variation of plant biochemistry (Vogelmann et al., 1993) .
PCR was used successfully to determine the spectral properties of unhealthy plants with healthy ones (Holden and LeDrew, 1998) . However, the low coefficients of determinant (R 2 ) and high prediction errors were obtained for both training and testing datasets, and the results suggested that the disease severity of rice brown spot was possibly influenced by other factors not explained by the first two principal components (Fig.2) . The low prediction accuracy was similar to that obtained by Monteiro et al.(2007) . These authors found that it was difficult to obtain a high level of accuracy with PCR method because it accepted independent variables (spectral reflectance) without considering the dependent variable (disease severity).
The high covariance and redundancy in the hyperspectral reflectance data influenced the prediction accuracy as reported by Thenkabail et al.(2000) , and PLS models are ideal method for eliminating the problem. In our study, the high coefficients of determination and low prediction errors obtained with PLS regression for the training and testing dataset were corroborated by Hansen et al.(2002) and also by Huang and Apan (2006) for the prediction of grain yield and protein content using repeated canopy reflectance.
In conclusion, the performance of PLS regression analysis to estimate rice brown spot was better than multiple stepwise regression and PCR. Therefore, PLS can be regarded as the best suitable statistics approach for estimating disease severity of rice brown spot. The prediction errors estimated by the RMSEs ranged from 2.0% to 16.3% using the above statistical methods. We have demonstrated that it was feasible to estimate the disease severity of rice brown spot using hyperspectral reflectance data at the leaf level. It should be recognized that external factors such as wind, cloud and plant architecture bring much noise in the spectral reflectance at the canopy level. So these results obtained at the leaf level should be followed by field studies to take these factors into consideration. 
